JOURNAL OF
NEUROSGIENGE
METHODS

www.elsevier.com/locate/jneumeth

ELSEVIER Journal of Neuroscience Methods 139 (2004) 111-120

Multivariate tests for the evaluation of high-dimensional EEG data

Claudia Hemmelmarf*, Manfred Horr?, Susanne Reiteref,
Barbel Schack, Thomas Siis<e Sabine Weis®

a |nstitute of Medical Statistics, Computer Sciences and Documentation, University of Jena, D-07740 Jena, Germany
b Brain Research Institute, Cognitive Neuroscience Group, University of Vienna, Vienna, Austria
¢ Neurological Clinic, University of Tuebingen, Tuebingen, Germany
d SFB 360, University of Bielefeld, Bielefeld, Germany

Received 8 December 2003; received in revised form 20 April 2004; accepted 21 April 2004

Abstract

In this paper several multivariate tests are presented, in particular permutation tests, which can be used in multiple endpoint problems as
for example in comparisons of high-dimensional vectors of EEG data. We have investigated the power of these tests using artificial data in
simulations and real EEG data. It is obvious that no one multivariate test is uniformly most powerful. The power of the different methods
depends in different ways on the correlation between the endpoints, on the number of endpoints for which differences exist and on other
factors. Based on our findings, we have derived rules of thumb regarding under which configurations a particular test should be used. In order
to demonstrate the properties of different multivariate tests we applied them to EEG coherence data. As an example for the paired samples case
we compared the 171-dimensional coherence vectors observed for the alphal-band while processing either concrete or abstract nouns an
obtained significant global differences for some sections of time. As an example for the unpaired samples case, we compared the coherence
vectors observed for language students and non-language students who processed an English text and found a significant global difference.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction multivariate test provides one joint statement on all end-
points, whereas a multiple test provides a statement for each
The improvement of EEG/MEG measurement equipment endpoint.
permits the registration of a high number of channels. Ad- A well-known multivariate test is Hotelling’sT?-test.
ditionally, modern analysis procedures yield large sets of However, this test cannot be executed if the dimension
high-dimensional parameters, which have to be evaluatedof the data is higher than the number of subjects, which
statistically. Furthermore, the statistical evaluation of spec- is the usual situation in EEG studies. Another drawback
tral parameters of different frequency bands becomes nearlyis that the T?-test requires multivariate normal distribu-
unmanageable. tions. Therefore, several new statistical methodologies have
Many authors use an-level test for each single com- been developed. Recently, several authors have proposed
ponent or endpoint of the observational vector, see e.g.special test statistics in permutation tests for evaluating
Rappelsberger and Petsche (1988pwever, this practice  high-dimensional EEG data (see ekaarniski et al., 1994;
results in a large number of false positive statements. ThereGalan et al., 1997; Harmony et al., 2Q0Permutation tests
exist several techniques to cope with this general drawbackdo not require special distributions and have several other
in multiple comparisons. Corresponding multiple tests will advantages (sdeudbrook and Dudley, 1998
be considered in a forthcoming paper. In this paper, we Our paper has the following aims: (a) to give an overview
will deal with so-called global tests or multivariate tests. A of appropriate multivariate tests including novel methods,
(b) to study and to compare the power characteristic of dif-
mspondmg author. Tel+49-3641-9-33610: ferent muIFivariate tests usjng simulations with different.dgta
fax: +49-3641-9-33200. configurations, (c) to derive general rules for determining
E-mail addresshemmel@imsid.uni-jena.de (C. Hemmelmann). which test is suitable for which configuration, and (d) to
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demonstrate the use of different multivariate tests in compar-2.1.2. Methods of the O’Brien type

isons of large sets of coherence values obtained from EEG A pure multivariate test, which considers the correlation,
recordings during language processing in one group of sub-is Hotelling’s T2-test, which is well known. However, as al-
jects under different conditions (paired samples problem) ready mentioned irSection ] this test is not appropriate
and in two groups of subjects performing the same cognitive for the analysis of EEG data, which comprise many com-

task (two independent samples problem).

2. Methods

2.1. Multivariate tests

ponents with few subjects. Another disadvantage is that this
test requires-variate normal distributions. ThE?-test has
also the drawback that it cannot differentiate between any
departures fronHg and departures of all endpoints into the
same direction, i.e. it is not very sensitive against effects in
the same direction.

In order to overcome the latter disadvantage offfh¢est,

In analogy to the univariate case, we must differentiate several attempts have been made, e.gOiBrien (1984)
between the case of paired samples and unpaired sampled?ocock et al. (1987)ang et al. (1989)The rationale behind
i.e. two independent samples. In the paired samples case, wall methods proposed is the following: For each subject, one

observen subjects under two different conditions, say A and
B. In the case of two independent samples, we obsefve
subjects under condition A am@ subjects under condition
B.

Our observations are vectors of dimensianLet x =
(x1,...,xx) andy = (y1, ..., yx) denote the random vec-
tors with meansgie,,, ... , tx,) @nd(iy,, ... , iy, ), respec-
tively. In the paired and the unpaired samples castands
for the observations under condition A apdinder condi-
tion B. We now can formulate the individual null hypothe-
SeSHy © Uy = My, ..., He @ px, = py, and the global
hypothesisHp : ftx; = iy, ..., U, = My, ThiS means,
Ho is the intersectioly = H1N...N Hy. Tests forHg are
called global tests or multivariate tests, testsfar . . . , Hy
are called multiple tests.

2.1.1. The methods of Bonferroni and Simes

The simplest way to tedtly at level« is to test all in-
dividual hypothesedds, ... , Hy at levela/k and to reject
Ho, if and only if, at least onéd; can be rejected. This is
the well-known Bonferroni method. Le®y, ... , P, be the
P-values obtained when testiti, . .. , Hx, and letPg) <

. < Pg) denote the ordere®;. Then, the Bonferroni
method reject$lg if Py < a/k.

Another simple test is the global test 8imes (1986)
This test reject$lg if P;) < «i/k foratleastone (1 <i <

calculates a single score from k€omponent values. In this
way, thek-variate problem is reduced to a univariate prob-
lem. With these scores, the matched paiest is executed in

the paired samples situation and the two-sanydst in the

two independent samples situation. For example, the score
belonging to a subject of the so-called ordinary least squares
(OLS) test of O'Brien is simply the sum of its standardized
component values, and OLR stands for a version that uses
the corresponding ranks. Unfortunately, it turned out that
with these methods the-level could not be kept when the
sample sizes are small, i.e. these tests are anti-conservative,
see Kropf (2000) Reitmeir and Wassmer (1996}rick
(1997) However, Lauter et al. (1996)succeeded in con-
structing corresponding tests that exactly keepdHevel

that are sensitive against departures fridgmeither in one
direction or in both directions, and that can be used with
anyk andn. We will consider three different tests béuter

et al. (1996) namely the standardized sum test (SS test), the
principal component test (PC test) without scale correction
and the PC test with scale correction. The SS test is sensitive
against departures frofidg in all endpoints into the same
direction. With this test, the different components may be
measured in different scales, e.g. one in mm, another in kg,
etc. or also if the ranges of possible values are different, e.g.
if the range of one endpoint is 1-10 mm and the range of an-
other endpoint 20-50 mm. The PC test with scale correction

k). Note, that the mathematical proof that this test keeps the should be used if the different endpoints are measured in dif-

a-level was given only for the case of uncorrelaiegalues.
However, simulations bgimes (1986)Samuel-Chan (1996)

ferent scales or if the endpoints differ in their ranges. Other-
wise, the PC test without scale correction is recommended.

and other authors permit the conclusion that with two-sided Useful descriptions of Lauter tests and other tests of the

comparisons the-level is always kept. It is also kept with
one-sided comparisons when tievalues are positively

correlated. Only with negative correlations a slight but ac-

O’Brien type can be found iBregenzer (2000as well as in
Kropf (2000)
These tests have one of the disadvantages oTtHest:

ceptable anti-conservativeness could be observed. Hencethey requirek-variate normality. Tests that do not require
there are no practical objections against using this test, special distributions are permutation tests.

generally.

A disadvantage of the Bonferroni method and the Simes 2.1.3. Permutation tests

test is that they cannot take into consideration the correlation

between the endpoints &-values. Nevertheless, with cer-

The idea of permutation tests is an old one, however
their broad practical application became possible only by

tain configurations they have higher power than some otherfast computers. Below we will use numerical examples

tests that consider the correlation, &ssction 3

in order to explain the permutation principle for paired
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Table 1
Permutations of paired samples data of dimengien?2 with n = 3 subjects, and values of different test statistics
Permutation Subject X{, X2) (Y1, ¥2) t1 to tsum tisum tmax
1 (original data) 1 (8, 6) (5. 2) 3.46 5.20 8.66 8.66 5.20
2 4, 3) G1)
3 (6, 7) (4, 4)
2 1 (8, 6) 5, 2) 0.46 0.48 0.94 0.94 0.48
2 (4,3) (. 1)
3 4, 4) 6, 7)
3 1 (8, 6) (5. 2) 111 0.90 2.01 2.01 111
2 G1) 4, 3)
3 (6, 7) 4, 4
4 1 (8, 6) (5. 2) 0.00 —0.15 —-0.15 0.15 —0.15
2 (3,1) (4,3)
3 4, 4) 6, 7)
5 1 (5., 2) (8, 6) 0.00 0.15 0.15 0.15 0.15
2 4,3) B.1)
3 (6, 7) 4 4
6 1 5, 2) (8, 6) -1.11 —0.90 -2.01 2.01 -1.11
2 (4, 3) (3. 1)
3 4, 4) 6, 7)
7 1 5. 2) (8, 6) —0.46 —0.48 —0.94 0.94 —0.48
2 3.1 4, 3)
3 (6, 7) 4, 4
8 1 (5. 2) (8, 6) —3.46 -5.20 —8.66 8.66 -5.20
2 3, 1) @, 3)
3 (4, 4) (6, 7)

sample and two independent sample analyses that employtest statistics were already usedBlair et al. (1994) In our

t-statistics. example we havesym = 11 + 2, tjsum = 11| + |r2| and

, _ o o tmax=t1if |t1] > |t2] OF tmax = 12 If 11| < |t2].
2.1.3.1. Paired samples.We consider an artificial numeri- The different test statistics are sensitive to different spe-
cal example given iBlair and Karniski (1993)seeTable 1 cific forms of departures frordlg. tsum is sensitive to depar-
The sample size is = 3, the dimension of observational  tyres of all endpoints in the same direction, in contrast to
vectorsx andy is k = 2. tisum - tmax iS Sensitive to departures in only a few endpoints.

The total number of permutations i§ 2 2° = 8. What  Other appropriate multivariate test statistics aretthalues
we call permutation 1 is the original data. A permutation of the L4uter tests which are denotedtey for the SS test
is obtained by exchanging thevector of a subject for the  and byt for the PC test without scale correction and by
y-vector of the same subject. Note that completeand ., for the PC test with scale correction. The use of these
y-vectors must be exchanged as their components are corregest statistics in permutation tests was already proposed in
lated. In this way, permutation 2 was obtained by exchang- Kropf (2000)
ing the x-vector for they-vector of subject 3, permutation The statisticsum permits only two-sided testing, in con-

3 by exchanging the-vector for they-vector of subject 2, rast to the other statistics. One-sided testing requires to
permutation 4 by exchanging tixevectors for they-vectors  gpecify a direction of testing in advance. In our example,
of subjects 2 and 3, etc. This approach is justified becausegne-sided testing means to show that the mean vecter of
all such permutations are equally likely when the null hy- andx, tends to be greater than thatyafandy,. Two sided
pothesis of no difference between the two conditions is true. testing does not specify a direction.

Now;, for each permutation, the paired sampietatistic The sampling distribution of multivariate permutation
was calculated separately for each componentis the  gtatistics is obtained by computing the desired test statis-
t-value when comparing; andyi, andt, when comparing tjc for all permutations. As undetly all permutations are
X2 andysz. In order to combine the information from the uni- equally likely, we can easily calculate tiievalue, i.e. the
variate test statistics in a single multivariate test statistic, we probability of obtaining an observation which undes is
have various possibilities. We can calculajgn = Zﬁ:lfj at least as extreme as that of the original data. In our case,
Or fisum = Zl;=l|[j| Of tmax = t}, wherer’, is equal to the; the P-value is the number of permutations for which the
(j=1,...,k)which has the greatest absolute value. These test statistic has a value not smaller than that of the original
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data, divided by the total number of permutations. In our 1,... ,np, j=1,...,k) andai’; =wj—w(@=1...,n1,
example, the test statistit§im, tjsun, andtmax attain their j=1,...,k), and the component-wise test statistigs=
maximum value for permutation 1, i.e. for the original data. (1/n2)2?§1aﬁ + (1/n1)27i1(a;;)2 (j=1,...,k). Finally
Therefore, the probability of obtaining fagym a value we determinet, = maxas, ... ,ar}, which is the new
not smaller than 8.66 is/8 = 0.125 as only one of the  global test statistic we propose. Note thai(j = 1, ... , k)
eighttsym values is not smaller than 8.66, i.e. the one-sided and with itt, are symmetric irx andy, i.e. exchanging the

P-value is 0.125. The same applies tfgux. For tisum we two samples gives the same value.

have only a two-sided test. IB-value is 28 = 0.25. In The rationale behind this proposal will be explained under
order to calculate two-sideB-value fortsym (Or tmax), We simplifying assumptions. Let the mean vectQus, , ..., ity,)
determine the number of permutations where the absoluteand (i ,,, ..., i4,,) differ in exactlym components, for ex-
value oftsym (tmax) is equal to or greater than the corre- amplew,, — uy, = A; (i =1,... ,m)anduy, — uy, =0
sponding absolute value for the original data, and divide it (i = m + 1, ... , k). Assume thah; andn, are very large,
by the number of permutations. Then the two-siffedalue SO thatsfl_ andsﬁi can be replaced by their respective expec-
for tsum (andtmay) is 0.25. tationSUf]_ andofj, ands? /n1 ands? /n2 by 0. In addition

If nis large, itis difficult to perform the calculations for all
2" permutations. Then, the so-called Monte Carlo method
is used which means tht permutations are randomly se- _ m
lected out of all possible permutations. TRevalue is then E(aj) = EQi) — EG)) E®) = 4; 1 ﬂ,
the number of permutations for which the test statistic has a 9 oj kima
value not smaller than that for the original data, divided by
M. The difference between the exact and the Monte Carlo @d

method is negligible wheM is large. - m
E(xjj) — E(y)) _ Aj 1 Ap
* = — = — _—— = —_—
E(ajj) o E(w) ( ST l:E o

2.1.3.2. Two independent sample®efore we explain the J oj

permutation test for two independent samples we introduce G=1...,m).
a new multivariate test statistics for two-sided comparisons

of two independent samples. Its use in permutation tests Thus, for large values ofy;/o ;| we can expect thas;j| and
showed a surprisingly high power for some configurations, |ajj| with it a; and finallyt, are large.

assume thatZ = o7, = o%. Then

seeSection 3 The suggestion comes froBood (2000who Note thatE(aj) = E(aj) =0, if m = k and A1/o1 =
used the tern}_"2, (y; — X)? in a test statistic for detecting -+ = Ax/o, so thatt, provides a low power. This can be
differences between means in the univariate case for a speciageen in our simulation results Figs. 3 and 4n Section 3
situation. However, such a situation will rarely be met in practice.
Let thek-variate observations we obtain for two indepen- ~ We now explain the permutation principle when com-
dent samples be given in a data matrix paring two independent samples. Again, we use a simple
numerical example, s€kable 2 The two independent sam-
X11 vt Xk ples have the sizes = 3 (subjects under condition A) and

n = 2 (subjects under condition B). The dimension of the
observational vectors andy is k = 2. Permutation 1 is the
Xnil ot Xmgk original data. The way of permuting is different from that in

: the paired samples case. We now exchange vectors observed

Yz oo Yk > .
in subjects under A for vectors observed in (other) subjects
under B. So permutation 2 was obtained by exchanging the
Vil Yok x-vector of the first subject of the sample under A for the

y-vector of the first subject of the sample under B, permu-
For all components, we calculate the sample meanstation 3 by exchanging the-vector of the second subject

X = U/n)Ytxij and y; = (1/n2)Y 12,yi, the under A for they-vector of the first subject under B, etc. In
sample variances)%j = /(1 — )Y (xj — X2 this way we obtain(ny + n2)!/(n1lna!) = 51/(312!) = 10
and s2 = (1 — 1Y (yi — 392, and the dif- permutations. The justification for this approach is S|m|I§1r
*3; (3/(n2 D2Liza O = 3)) as in the paired samples case. Now, for each permutation,
ferencesvij = (yj — X))/,/s5 +s2 /n1 and wj = the valuest; andt, of the t-statistic for the case of two

independent samples were calculated separately for each of

i — ¥j)/ /52 + 2 i = 1,...,k). Note that the ; =k -
(i y,’ )/ s"-"_+ Sy«f/ n2 (j L ’],C) the two components. Finally, the multivariate test statistics
denominators invj and wj; are the estimates of the stan- tisumi, andtmax were calculated fromy andt in the

dard deviations of the respectiv]? nucgerators. Now we same way as in the paired samples case. In addition, the
calculate the means = (1/kmp)> 1> ;% vj andw = new test statisti¢, was calculated. Now, thB-values can
(1/kn1)21;:12:i1wij, the differencessj = vj — v (i = be calculated as described for the paired samples case. For
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Table 2

Permutations of two-dimensional data of two independent samples withssizes3 andny = 2, and values of different test statistics

Permutation X1, X2) (Y1, ¥2) t1 t2 tsum tisum tmax ta

1 (original data) (8, 6) 5, 2) 1.20 2.40 3.60 3.60 2.40 1.72
4, 3) (3, 1)
(6,7

2 5, 2) (8, 6) -0.25 0.18 -0.07 0.43 -0.25 0.82
4, 3) (3, 1)
(6, 7)

3 (8, 6) 4, 3) 2.37 1.42 3.79 3.79 2.37 1.22
5, 2) (3 1)
6,7

4 (8, 6) 6, 7) 0.61 -0.12 0.59 0.73 0.61 0.97
4, 3) (3, 1)
(5.2

5 (3, 1) 5, 2) -1.36 -0.12 —1.48 1.48 -1.36 1.22
4,3 (8, 6)
6,7

6 (8, 6) 5, 2) 0.61 0.89 1.50 1.50 0.89 0.78
31 4, 3)
(6,7

7 (8, 6) 5, 2) -0.25 —0.44 -0.69 0.69 —0.44 0.77
4,3 (6, 7
(6. 1)

8 (5, 2) (8, 6) -0.71 —0.44 -1.15 1.15 -0.71 0.84
(3 1) 4, 3)
(6,7

9 5, 2) (8, 6) —2.85 -5.40 -8.25 8.25 -5.40 3.94
4, 3) 6,7
B 1

10 (8, 6) (4, 3) 0.17 -0.81 -0.64 0.98 -0.81 1.10
5, 2) (6,7
B 1)

example, as we have two permutations wish, > 3.60,
the one-sidedP-value fortsymis 2/10 = 0.2. The one-sided
P-value fortmax is 0.1. The two-side®-values fortmax and
t, are 0.2, and fotsym andt;sym are 0.3.

2.2. Artificial data and real data (EEG data)

2.2.1. Artificial data

We generated samples frokavariate normal, exponen-
tial and log-normal distributions for special configurations
of means and correlation coefficients, and executed the dif-
ferent multivariate tests described$®ction 2.1 The com-
ponents ofk-variate normally distributed vectors andy
had common variance 1. For all distributions, the means
Moxgs ooy Mg @NALLy,, ..., 1y, Were chosen so, that, — i,
A@=1... m)andpuy, —uy, =00 =m+1,... k).
This means we consideredfalse andk—mtrue hypotheses,
and the deviations of the false hypotheses were all into the
same direction. The value af was varied between 1 arkd

In the paired samples case, we denote the coefficients of

correlation between the differencegs- y; andx; —y; by p;;
(1 <i < j < k). Inthe case of two independent samples,

pi; denotes the coefficient of correlation between the com-
ponentsx; andx; as well as between the componeptand

y;j (1 <i < j < k). For both paired and unpaired samples,
we first considered the cagg = p (i # j), i.e. constant
(low, moderate or high) correlation. However, in most prac-
tical situations, the correlation coefficientg do not have

the same value and the same sign. Therefore, we also consid-
ered the following two types of correlation matrices Corrl
and Corr2. The matrix

1 k—1 k-2 1
k k k
k—1 k—1 2
- - 1 - - Z
k k k
Corri= | k=2 k-1 1 3
k k k
1 2 3
- z 2 1
k k k

may be typical for longitudinal observations, e.g. time se-
ries where neighboring observations have higher correlations
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than more distant observations. The matrix 10 coherence values per presentation mode and per word
RL R2 R2 category. _
The comparison of coherence values for all 171 electrode
Corr2= | R2 Rl R2 pairs accompanying concrete and abstract nouns processing
R2 R2 R1 requires a multivariate test for paired samples.
with ) ) ]
2.2.2.2. Foreign language processing by different groups.
1 23 - 2/3 A group of 19 foreign language students (all studying En-
2/3 1 ... 2/3 glish language and linguistics at university level) and a sec-
Rl1= . . . ond group of 19 non-language students (studying other sub-
: o jects than languages), all mother-tongue German speakers,
2/3 2/3 --- 1 participated in the experiment. The subjects had to watch
various video sequences of TV news on a TV screen. The
stimulus material used in this study comprised nine individ-
-1/3 -1/3 ... -1/3 ual tasks. Each task was a sequence of an approximately
-1/3 -1/3 ... —-1/3 2 min video-recorded TV news text. The TV news texts were
R2 = presented in British English, in American English and in
: PO Austrian German, and in three modalities: visahuditory
~1/3 -1/3 --- —1/3 (TV mode), auditory only and visual only. Looking at a gray
flickering picture was chosen as a control situation in order
was used in order to investigate a case where both, positivetg control individual base-line effects.
and negative correlations occur. For all electrode pairs ordinary coherence values of the
The number of repeated simulations for any configuration alphal-frequency band (8—10 Hz) were calculated according
was 5000, the number of permutations in each permutationtg the Bartlett algorithm by using 2 s intervals for averaging

and

test was 1000. procedures_
We evaluated one of the three TV-news (British English)
2.2.2. EEG data which were presented in TV mode (visualy auditory).

The EEG was recorded with 19 gold-disc electrodes ac- The comparison of the 171-dimensional vectors of coher-

cording to the 10-20 system against the averaged signalsence values of the two groups of subjects requires a multi-
(A1+A2)/2 of both ear lobe electrodes. Filter settings were yariate test for two independent samples.

0.3-35Hz, sampling frequency was 256 Hz. Epochs with ar-
tifacts were eliminated from further processing.

3. Results
2.2.2.1. Word processing under different conditions.
Twenty-three right-handed female native German speakers3.1. Power characteristics and power comparisons
participated in the experiment (age 22—-26). Two word lists
each containing either 25 concrete or 25 abstract German Power is a statistical term. The power of a multivariate test
nouns were selected and psycholinguistically controlled is the probability of rejecting the global null hypothesis if it
(e.g. Weiss and Mdller, 2003 Nouns had a mean word s false. It may depend on various quantities, e.g. the corre-
length of 09 s+ 0.08 and were auditorily presented with an lation between the components, the number of components,
interstimulus interval of 2.5s. Participants were requested the number of components where differences exist, etc. In
to memorize the presented nouns and had to recall them af-order to estimate the power and to study its dependence on
ter the presentation. A trigger marked the beginning of each these quantities it is common to perform computer simula-
word presentation, and the following 1s EEG epochs were tions. For this purpose, we generated samples kaariate
selected for coherence analysis. Instantaneous coherencdistributions as described Bection 2.2.1and applied the
values for each electrode pair of the alphal-band (8—10 Hz)different multivariate tests introduced $ection 2.1The re-
were computed with a time resolution of approximately sults reported in the sequel are restricted to two-sided testing
4ms in accordance with the sampling frequency of 256 Hz and to normal distributions. The results for other distribu-
on the basis of an ARMA model with time-varying model tions were similar. They are not shown here.
parameters (see e.§chack et al., 1999, 20D3The chosen We observed that the power of most (but not all) meth-
frequency resolution was 0.5 Hz. Averaging was performed ods increases with increasimgk. This is what one would
within the alphal-band (8—10Hz) over adjacent spectral expect.
lines. For each trial 250 instantaneous coherence values When pj = p for i # j, i.e. when the correlation is
were obtained. The next step was averaging over the singlethe same for all pairs of components, the influence of the
trials time point by time point. For data reduction, the 1s correlation on the power is different for different methods,
trials were divided into 10 sections of 100 ms. This yielded seeFigs. 1 and 2
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m=5 m=35 k=20 k=100
1 1 1 1
0.8 0.8 0.8 0.8
Q.. “Bq oa, o8
5 08 w 06 . 06lg @@ : _ 06 ‘Bg’ :
2 [ [l [l
3 3 2 2
= 04 2 04 <3 S
0.2 0.2
0 0
0.2 0.5 0.8 0.2 0.5 0.8 4 8 12 16 20 20 40 60 80 100
p (correlation) p (correlation) m (number of false hypotheses) m (number of false hypotheses)
-Q--t ——t L ot
-0-- tSS —— ym Qe 1max =8-- Simes B tSS tsum tmax
-h-- tPC —A— |sum| —8— Bonf. =T pC A lsum| " {0 CEN

Fig. 1. Power dependence on the correlatioim the paired samples case
for m =5 (left side) andn = 35 (right side) k = 40, n = 20, A = 0.4,
a = 0.05).

The power of the permutation test withax is higher than
the power of all other methods, vk is small, sed~ig. 1,
left side. A comparison of the remaining methods shows

that the Simes method and the Bonferroni method have a

relatively high power ifp is small or medium. A different
characteristic and rank order of the methods can be observe
if mkis large, se€ig. 1, right side. Note also that with large
m/k the power decreases whenincreases. This tendency
was also reported in other papers, e.gBlair et al. (1994)

tmax IS superior also with mediumwk as long as the cor-
relation is high, sed-ig. 2 right side. Howevertnax and
also Bonferroni and Simes are inferior with low correlation
and largemvk, seeFig. 2 left side. Note that in each situa-
tion a better test exists than the methods of Simes or Bon-
ferroni. This applies also for the two independent samples
case. Hence, in the power plots for this case we will omit
the Simes and Bonferroni methods.

In the two independent samples case, we obtained similar

Fig. 3. Power values in the two independent samples casé for20
(left side) andk = 100 (right side) p = 0.8, n1 = np = 10, A = 0.7,
o = 0.05).

test statistics. When applying the new statigfimtroduced

in Section 2.1.3.2we obtained more powerful tests for equal
correlations, se€ig. 3. Note that the power of the test with

t, is higher fork = 100 than fork = 20 whennvk is 0.1

or 0.9, whereas the power of the other tests seems to be

(i?dependent ok. Only, whenm = k, t, provides a low

ower, see als&ig. 4 The explanation is given iBection

2.1.3.2

When considering the correlation structures given by the
matrices Corrl and Corr2, we obtained the power estimates
in Fig. 4. Under Corrl the power curves do not differ so
strongly as under Corr2 where the tests wig and tsym
are distinctly better. Under both correlation structuygsro-
vides low power. However, as already mentioned, in these
simulations allm mean differenceg.,, — u,, were positive.
If we considered positive and negative differences, the power
for tssandtsym would be lower and the power fof higher.

Table 3provides an overview of which methods were best
in which configuration. The statements there may be helpful

results as in the paired samples case when using the same

correlation matrix Corr1

correlation matrix Corr2
0 O

O
A4

p=0.2 p=0.8
1 1
0.8 0.8
0.8 0.8
_ 06 _ 06
_ 06 _ 06 E E
£ 2 204 S 04
o o
=04 S 04
0.2 0.2
0.2 0.2
0
0 0 3 6 9 12 15 3 8 9 12 15
5 15 25 35 5 15 25 35 m (number of false hypotheses) m (number of false hypotheses)
m (number of false hypotheses m (number of false hypotheses
( yp ) ( yp ) -0ty —_t, o b
-0~ tSS —— tsum Qe tmax -g-- Simes —A-- tpc —a— tlsuml IIIII a-- ta
-A-- e —A— ) —8— Bont
Fig. 4. Power values in the two independent samples case with correlation

Fig. 2. Power dependence omik in the paired samples case for= 0.2

(left side) andp = 0.8 (right side) ¢ = 40,n = 20, A = 0.4, « = 0.05). ny =nz =10, A = 0.7, o = 0.05).

matrix Corrl (left side) and correlation matrix Corr2 (right side)< 15,
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Table 3
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Best multivariate tests under different configurations for paired samples and two independent samples

Correlation Relative number of false hypotheses Paired samples Two independent samples
p =02 Small tmax, Simes, Bonferroni t,

Medium tisum tsum

Large tisum» tsums tss tpc tisum» OLS, tss
p=0.8 Small tmax ty

Medium tmax ty

Large tmax: Yisum tsum tss, tisum
Corrl Small tmax ty

Medium tmax tmax

Large tsum, t\sumy tss, tpc tsum, t|sun‘|| tss, trc
Corr2 Small tsum: tss tsum OLS, tss, OLR

Medium tsum, tss tsum OLS, tsg, OLR

Large tsum, tss tisum tsum OLS, tss, OLR

to decide which of the different tests or test statistics should be seen that in different sections different tests provided
be used for evaluating data at hand.

3.2. Applications of multivariate tests to EEG coherence

data

significance.

3.2.2. Paired samples from longitudinal observations of

word processing for only one component under two
different conditions

3.2.1. Paired samples of word processing under two

different conditions

described inSection 2.2.2.1The number of subjects was

In this section, we consider the same data as in the for-

mer section. However, we now evaluate only the coherence
The data we now evaluate come from the experiment values obtained for one of the 171 components, namely for

the electrode pair P3/0O1, as a function of time. As we have

23. For each subject, a vector of 171 coherence values wasl0 sections of time, we have a multivariate test problem of
obtained under two different conditions, namely under the dimensionk = 10. The mean coherence values under pro-
processing of either concrete or abstract nouns. The co-cessing of abstract and concrete nouns are given for the 10
herence values are given for 10 sections of time: 0-100, sections of time irFig. 5, left side.

100-200,..., 900-1000 ms. For each section, we tested This illustration and also the boxplots of the pairwise dif-
the global hypothesis of no difference between concrete ferences inFig. 5, right side, suggest that the presentation
and abstract nouns processing in all 171 components. Theof abstract nouns results in higher coherence values than
P-values obtained for the permutation test with the differ- the presentation of concrete nouns for this electrode pair.
ent test statistics are given fiable 4 P-values smaller than ~ When we separately test each of the 10 differences with
0.05 are in bold type, which means that the correspond-the Wilcoxon test, we obtaifP-values greater than 0.05,
ing tests rejected the global hypothesis at the 5% level. seeFig. 5, right side. However, th@-values of the multi-
The P-values for the Bonferroni and the Simes methods are variate permutation tests with the test statistigs, andtss
omitted. Neither rejected the global hypothesis. The pure are 0.05 and 0.046, respectively, Skble 5 This permits
Lauter tests also did not provide significance in contrast to the rejection of the global null hypothesis and confirms that
permutation tests that used the L&uter test statistics. It canthe curve of coherence values over the 10 sections of time

Table 4
P-values of the multivariate permutation test with different test statistics for 10 sections of time
Test Time in ms
0-100 100-200 200-300 300-400 400-500 500-600 600-700 700-800 800-900 900-1000
tsum 0.0164 0.1202 0.1216 0.3455 0.0344 0.0482 0.3091 0.3433 0.6591 0.5607
tisum 0.0212 0.1462 0.0842 0.1910 0.0230 0.0308 0.2198 0.2743 0.4269 0.5005
tmax 0.2845 0.0368 0.0660 0.0576 0.0252 0.0174 0.0458 0.0336 0.2517 0.7197
tss 0.0144 0.1218 0.1290 0.3575 0.0336 0.0526 0.3133 0.3477 0.6591 0.5581
tpc 0.0138 0.0928 0.0640 0.1616 0.0202 0.0208 0.2250 0.2887 0.5581 0.5167
tpct 0.0148 0.1022 0.0732 0.2216 0.0236 0.0308 0.2835 0.3285 0.5617 0.5143
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Fig. 5. Mean coherence values for the electrodes P3 and O1 for abstract and concrete nouns processing (left side) and corresponding boxplots and
Wilcoxon testP-values of coherence differences (right side).

Table 5 4, Discussion
P-values of the multivariate permutation test with different test statistics

when comparing coherence values of the electrode pair P3/O1 over 10

) : With multiple endpoints, two different aims are of interest:
sections of time

(1) to test globally whether there is an overall effect when

Test statistics P-value considering all endpoints simultaneously and (2) to provide
tsum 0.050 an efficacy statement for each individual endpoint. We need
tisum 0.062 so-called multivariate or global tests for the first aim and

tmax 0.300 multiple tests for the second aim. In this paper we only deal
tss 0.046 . . . . .

tre 0137 with multivariate tests. It should be mentioned that multiple

tocy 0.058 tests frequently fail to detect effects for individual endpoints,

whereas a multivariate test provides significance. This means

that different endpoints may jointly explain a treatment effect
is significantly higher for abstract nouns than for concrete when using a multivariate test.

nouns. In this paper, we have introduced several multivariate tests
with an emphasis on multivariate permutation tests. The

3.2.3. Independent samples data of foreign language computational effort of permutation tests is relatively high.

processing by two different groups But permutation tests have various advantaGesd (2000)

In this section, we evaluate data of the experiment as de-states: ‘Permutation tests permit us to choose the test statis-
scribed inSection 2.2.2.2The aim is to compare coherence tic best suited to the task at hand'.
values of the language students and the non-language stu- All simulation results presented in this paper were ob-
dents. Again, for each student a vector of 171 coherence val-tained underk-variate normality. With exponential and
ues is given. We have to test the global null hypothesis that |og-normal distributions we obtained similar results as with

the vectors of both groups have the same expectations. Thenormal distributions. Hence, they are not reported in this
P-values of the permutation test with different test statis- paper.

tics are given inTable 6 At the 5% level, we can reject Our investigations of the varying power characteristics
the global null hypothesis of no difference between the two showed that among the different multivariate tests or test
groups with the test statistitgum, tisum, tmax tss, andt,. statistics, no specific one can be determined as the best.
It depends, on the correlation structure, on the number of
Table 6 endpoints for which differences exist, on the magnitude of

P-values for the multivariate permutation test with different test statistics the differences, on the total number of endpoints and on other
when comparing coherence values of language and non-language studentfactors, which test is able to reject the global hypothesis.
Test statistics P.value Thus, prior knowledge concerning the correlation between
the components and the relative number of components at

:S“’“ 8'8?1; which differences exist should be used to find an appropriate
t‘r::T 0.026 multivariate test. Advice and recommendations as to which
tss 0.035 methods are appropriate can be foundatle 3of Section

tpc 0.072 3.1

:PC+ 8'8582 In order to demonstrate the properties of different mul-

tivariate tests we applied them to EEG coherence data
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obtained while participants processed either different word Bleasdale FA. Concreteness-dependent associative priming: separate lexi-
categories or an English text. cal organization for concrete and abstract words. J Exp Psychol: Learn

Firstly, multivariate tests for paired samples were applied Mem Cogn 1987,13:582-94. T

. ) regenzer T. Tests zur Auswertung klinischer Studien mit multiplen End-
to the processing of concrete and abstract nouns. It is well ~ niten. Doctoral Thesis, University Cologne; 2000.
known that processing of concrete and abstract nouns dif-Coltheart M. Deep dyslexia: a review of the syndrome. In: Coltheart M,
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Weis_g etal, 199p With several of our tests, we _obtaiqed Galan L, Biscay R, Rodriguez JL, Perez-Abalo MC, Rodriguez R. Testing
significant global differences between the 171-dimensional  topographic differences between event related brain potentials by using
coherence vectors for concrete and abstract nouns for the non-parametric combinations of permutation tests. Electroencephalogr
time intervals between 0—200 and 400-800 ms. These find-G C(}Ir';N;urop?ytglol 39?7?1’\?2:2‘\‘(0‘; Soringer 2000
ings partly correspond to previous results on phase relations, oo = efmutation tests, Wew vork: Springer, £7-°.

. . ; Harmony T, Fernandez T, Fernandez-Bouzas A, Silva-Pereyra J, Bosch
which showed the most prominent @fferences between con-  ; piaz-Comas L, et al. EEG changes during word and figure catego-
crete and abstract nouns processing between 300-500 and rization. Clin Neurophysiol 2001;112:1486-98.
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